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Co-Ni/Al2O3 Substrate using Artificial Neural
Network
Abstract- The uniqueness of multilayer graphene as extremely high carrier
mobility, tune-able band gap and high elasticity has made it be considered as
a high prospect engineering material that can be employed for several
applications such as solar cells, field effect transistors, super-capacitors,
batteries and sensors. In this study, the application of Artificial Neural
Networks (ANN) for the predictive modeling of multilayer graphene (MLG)
growth by chemical vapor deposition (CVD) on Co-Ni/Al2O3 substrate was
investigated. Data comprises temperature, catalyst compositions, ethanol
flowrates were generated using central composite experimental design and
employed to obtain the MLG yield as the response. The data were
subsequently used for predictive modeling using ANN. The findings show that
the predictive values of the MLG yields were in good agreement with those
obtained from the experimental runs having a coefficient of determination (R 2)
of 0.988.
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1. Introduction
The advent of nanotechnology and quest for
miniaturization of electronic components in
scientific equipment has aroused research interest
in graphene and multilayer graphene [1]. The
research interest in graphene and multilayer
graphene as important engineering materials can
be attributed to their excellent electrical, thermal,
mechanical properties [1–3]. Also, graphene and
multilayer graphene displayed specific interesting
properties in transport phenomena, high Young’s
modulus, fracture strength, thermal conductivity,
specific surface area and chemical stability [4,5].
Generally, graphene possessesa two-dimensional
structure with a sp2-hybridized carbon atoms
between one and ten layers arranged in a sixmembered ring [6]. The physicochemical
properties of graphene and multilayer graphene
are often influenced by the preparation method
[7]. Up to date, several techniques such as
chemical vapour deposition, epitaxial growth, arc
Copyright © 2019 by UOT, IRAQ

discharge, unzipping of carbon nanotube,
electrochemical synthesis, total organic synthesis,
chemical reduction of graphene oxide, and
plasma discharge etching of graphite have been
employed for the synthesis of graphene and
multilayer graphene [4,6,8,9]. Amongst these
techniques, chemical vapour deposition has been
reported has suitable techniques to synthesized
graphene and multilayer graphene in a
commercial quantity [10,11]. The chemical
vapour deposition method has been employed to
produce graphene and multilayer graphene with
excellent electrical and optical properties with
large specific surface area [12]. Ali et al. [13]
reported the synthesis of multilayer graphene by
chemical vapour deposition on bimetallic CoNi/Al2O3 catalyst. The synthesized multilayer
graphene was characterized by Scanning Electron
Microscopy (SEM), Transmission Electron
Microscopy, Energy Dispersive X-ray (EDX),
Raman Spectroscopy, and X-Ray Diffraction
analysis. The characterization analysis showed
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Engineering and Technology Journal

Vol. 37, Part C. No. 1, 2019

that the multilayer graphene possesses excellent
physicochemical properties for gas sensing
applications. In a follow-up study, the multilayer
graphene was employed as the material for the
ammonia sensor [14]. The study revealed that the
multilayer graphene has a high sensitivity to
ammonia sensing. In the present study, the
predictive modeling of multilayer graphene
growth by chemical vapour deposition over CoNi/Al2O3 using the artificial neural network is
being investigated. The use of the artificial neural
network
in
the
engineering
materials
manufacturing industries is receiving growing
attention due to its ability to predict process with
complex non-linear relationship [15]. Due to its
robust performance, ANN approach has been
employed
to
predict
the
mechanical
characterization of hydrogen functionalized
grephene sheets [16]. The study shows that ANN
excellently predicted the tensile strength of the
hydrogen functionalized graphene sheet. The
predicted property was consistent with that
obtained from the experimental run. In the
present study, the ANN techniques have been
applied for the prediction of multilayer graphene
yield synthesized using chemical vapour
deposition method considering input parameters
such as CVD temperature, Co/Ni ratio, and
ethanol flowrate.

multilayer graphene, the CVD reactor was purged
for 30 min using argon gas. The ethanol was a
heater and the vapour was allowed to flow
through the CVD reactor which temperature was
varied between 700-800 oC during which the
multilayer graphene film was deposited on the
Co-Ni/Al2O3. The Co-Ni/Al2O3 and the
multilayer graphene were characterized for their
physicochemical properties as reported by Ali et
al. [13]. The results showed that the Co-Ni/Al2O3
and the multilayer graphene possessed
appropriate physicochemical properties for
catalytic processes and gas sensing applications,
respectively.

2. Materials and Methods

IV. Determination of Input Data, Target and
initialize the weight
The input parameters investigated include
reaction temperature, catalyst composition, and
ethanol flow rate while the output parameter was
the multilayer graphene yield. The previous study
has shown that reaction temperature, catalyst
composition, and the ethanol flow rate has a
significant influence on multilayer graphene yield
(the target) produced by chemical vapour
deposition [18].

I. Synthesis and Characterization of the
multilayer graphene
The detail of the synthesis and characterization of
the multilayer graphene has been reported in Ali
et al. [13,17]. Briefly, Al2O3 weighing 0.61-0.67
was functionalized via immersion in a mixture
consisting of 50 ml of HNO3 solution, 5 ml
H2SO4, and 500 ml of de-ionize water. The
mixture was agitated for 30 min in a mechanical
shaker. After that, the Al2O3 was left in the
mixture for one week to allow surface etching for
the deposition of Co-Ni catalyst. The Co and Ni
precursors Ni (NO3)2.6H2O and Co (NO3)2.6 H2O
were mixed in different proportions in 50 ml of
ethanol and left for 24 h. The catalyst mixture
was sonicated for enhancing dispersion on the
Al2O3. The Co-Ni/Al2O3 was prepared by
dropping 6 ml of the Co-Ni substrate mixture on
the Al2O3 which was placed in a heater.
The multilayer graphene was synthesized by
initially weighing a stipulated amount of the asprepared Co-Ni/Al2O3 and placed it in a CVD
furnace reactor using ethanol as the carbon
source. Before the start of the synthesis of the

II. Artificial Neural Network Modeling of the
multilayer graphene
The steps involve in the ANN predictive
modeling of multilayer graphene yield is depicted
in Figure 2. The detail of the steps is as follow:
III. Data Collection using Design of Experiment
(DoE)
The data employed for the ANN predictive
modeling of the MLG yield was obtained from
the Design of Experiment summarized in Table 1.
The experiment to obtain the data was designed
using a three-level, three-factorial central
composite design (CCD).

V. Determination of ANN architecture
The ANN architecture employed in this study is
shown in Figure 2. The architecture consists of a
three layer-layer feed-forward structure with
backpropagation algorithm [19]. The ANN
architecture consists of an input, hidden and
output layers. There are three-point vectors in the
input layers which are based on the input
parameters while the output layer is made of a
point vector which is also based on the output
parameter.
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Figure 1: ANN architecture for the predictive modeling of the multilayer graphene.

VI. Training and Validation of the ANN
architecture
The ANN architecture was trained to properly
identified the linear and non-linear relationship
between the input and output parameters. This is
to enable the ANN to optimize the best weight
and the input vectors suitable to give the best fit
to the target vector. During the training, the input
parameters were propagated through the network
to determine a comparison between the error
functions. The main objective of this procedure is
to minimize the errors through the adjustment of
the weight. The weight with the minimum error is
employed to finally train and validate the ANN to
obtain the best predictive output. The network
was trained using the neural fitting tools in
Matlab version 7.10 (2010a). A total of 20
elements (data set) was imputed into the neural
network out which 70% was used for training,
15% for validation and 15% for testing of the
neural network predictive model.
3. Results and Discussion
I. Optimization of the hidden neuron
The optimization results to minimize the network
error to obtain the best-hidden neuron to train the
network is shown in Table 1. To minimize the
mean, standard error of the network, a series of
hidden layers (at 2-interval) were employed to
train the network [21]. The result of the
optimization of the best-hidden neuron that
minimizes the MSE is shown in Table 1. The
analysis revealed that the network with 10 hidden
neurons gives the least MSE of 1.27x10-13 with a
perfect coefficient of determination (R2). This

implies that the use of the 10 hidden neurons for
subsequent training, validation and testing of the
neural network will result in a minimum error
with an accurate prediction of the multilayer
graphene yield.
II. Comparison between the measured and the
ANN predicted multilayer graphene yield
The parity plots showing the measured
(experimental values) and the ANN predicted
multilayer graphene yield obtained during the
training, validation and the testing of the network
are depicted in Figure 3 (a)-(c). To test the
robustness of the ANN to predict the multilayer
graphene yield, the fittings were subjected to
statistical evaluation as shown in Table 2. Based
on Figure 3, it can be seen that both the
experimental values of the multilayer graphene
and those of the ANN predicted values are close
to the linear trendline for training, validation and
the testing. This observation implies that both the
experimental values of the multilayer graphene
and the ANN predicted values are in close
agreement. This is an attestation to the robustness
and reliability of the ANN to predict multilayer
graphene yield based on the linear and non-linear
relationship between the input parameters and the
target [20,22]. Further statistical analysis to
evaluate the reliability of the ANN model was
performed using the coefficient of correlation (R),
coefficient of determination (R2), standard error
of estimate (SEE), and the p-value [23]. The R
was employed to measure the degree of
relationship between the input parameters and the
target. The R values of 0.9846, 0.9946, and
0.9983 obtained for the network training,
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validation and testing implies that there is a
strong correlation between the input parameters
(CVD temperature, Co/Ni ratio, ethanol flow
rate) and the target (multilayer graphene yield).
Also, the R2 was employed to determine the
percentage variation in the multilayer graphene
yield which is explained by all the input
parameters al together. The R2 values of 0.9694,
0.9882, and 0.9966 obtained for the network
training, validation and testing signifies that there
was a little variation in the multilayer graphene

Vol. 37, Part C. No. 1, 2019
yield which is explained by all the input
parameters. The standard error of estimate
measures the accuracy of the ANN prediction of
the multilayer graphene using the regression line.
A slightly higher SEE of 1.556 was obtained
during the network training. The SEE was
gradually reduced to 0.999 and 0.522 during the
network validation and testing which further
strengthens the ability of ANN to accurately
predict from a given dataset.

Figure 2: Steps involved in the ANN predictive modeling of MLG yield (Adapted from on all et al.
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Table 1: Data employed for the ANN predictive modeling
Input parameters
Run

Output
parameters
Reaction
Temperature

Catalyst
composition

Ethanol
flow rate

MLG Yield (%)

(oC)

(%)

(ml min-1)

1

700.00

0.30

9.00

71.00

2

800.00

0.30

9.00

70.70

3

700.00

0.70

9.00

54.00

4

800.00

0.70

9.00

62.50

5

700.00

0.30

11.00

75.00

6

800.00

0.30

11.00

75.10

7

700.00

0.70

11.00

60.20

8

800.00

0.70

11.00

63.20

9

665.91

0.50

10.00

59.10

10

834.09

0.50

10.00

65.20

11

750.00

0.16

10.00

70.20

12

750.00

0.84

10.00

45.30

13

750.00

0.50

8.32

70.90

14

750.00

0.50

11.00

75.50

15

750.00

0.50

10.00

75.71

16

750.00

0.50

10.00

77.00

17

750.00

0.50

10.00

76.00

18

750.00

0.50

10.00

74.00

19

750.00

0.50

10.00

75.00

20

750.00

0.50

10.00

73.00

Table 2: Optimization of the Hidden Neuron to obtain the least MSE
Number of
Mean Square
Coefficient of
Hidden
Error (MSE)
Determination
Neuron
(R2)
-2
2
4.53x10
0.999
4
74.17
0.974
6
141.93
0.975
8
86.67
0.934
10
1.27x10-13
1.000
12
64.33
0.977
14
1.18x10-3
0.999
16
8.55x10-1
0.994
18
3.88x10-5
0.999
20
189.56
0.877
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Figure 3: Parity plot showing the comparison between the experimental and ANN predicted multilayer
graphene yield (a) Training (b) Validation (c) Testing

Training
Validation
Testing

Table 3: Statistical analysis of the ANN predictive modeling
R
R2
Standard Error of Estimate
0.9846
0.9694
1.5563
0.9941
0.9882
0.9990
0.9983
0.9966
0.522

4. Conclusion
A conclusion should point out the distinguished
this study has demonstrated the use of ANN for
the prediction of multilayer graphene yield. The
ANN architecture which consists of three layerlayer feed-forward structure with back
propagation algorithm revealed the accurate
prediction of the multilayer graphene yield with
high values of R (0.9941), R2 (0.9882) and low
value of the standard error of estimate (0.999).
The comparison of the experimental values of the
multilayer graphene yield and the ANN predicted
values is consistent, an indication of the

p-value
<0.0001
<0.0001
<0.0001

reliability and the robustness of the ANN for the
prediction of multilayer graphene yields. This
study has demonstrated that ANN can be
employed for the prediction of multilayer
graphene yield in an industrial production
scenario considering the relationship between the
input parameters and the target.
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